Tetraoxanes (1,2,4,5-tetraoxanes) have been reported to exhibit potent antimalarial activity. In the present study, the three dimensional-quantitative structure activity relationship (3D-QSAR) studies were performed on a series of tetraoxanes derivatives using comparative molecular field analysis (CoMFA) and comparative molecular similarity indices analysis (CoMSIA) techniques. The best predictive CoMFA model with atom fit alignment resulted in cross-validated coefficient (q 2 ) value of 0.719, non-cross-validated coefficient (r 2 ) value of 0.855 with standard error of estimate (SEE) 0.335. Similarly, the best predictive CoMSIA model was derived with q 2 of 0.739, r 2 of 0.847 and SEE of 0.344. The generated models were externally validated using test sets. The final QSAR models as well as the information gathered from 3D contour maps should be useful for the design of novel tetraoxanes having improved antimalarial activity.
Introduction
Malaria is a potentially fatal tropical disease, which affects 300-500 million people worldwide with 1-3 million deaths every year.
1,2 The conventional drugs include mefloquine, amodiaquine, and piperaquine that have already acquired resistance when used in monotherapy. 3, 4 Thus, the relatively few drugs available to fight this disease are continuously threatened by the development of resistance. It is essential to find a new drug with novel mode of action for the treatment of malaria. During this process, artemisinine isolated from Chinese medicinal plant Artemisia Annua and its semi-synthetic derivatives such as artemether, arteether, artesunate were developed to treat malaria effectively. 5 This discovery prompted medicinal chemist to explore peroxides as potential replacements for the traditional antimalarial drugs such as chloroquine and mefloquine. A class of structurally simple peroxides that emerged from these studies was the tetraoxanes. Tetraoxanes (1,2,4,5-tetraoxanes) are the ketone and aldehyde diperoxides containing two peroxy groups in a sixmembered heterocycle. 6 In the last two decades, a great number of tetraoxane compounds were synthesized and have shown that some of them possessed potent antimalarial activity.
7,8
Three-dimensional quantitative structure-activity relationship (3D-QSAR) methods such as comparative molecular field analysis (CoMFA) and comparative molecular similarity indices analysis (CoMSIA) can help to correlate the bioactivity of compounds with structural descriptors and have been proved to be one of the useful approaches for accelerating the drug design process. 9 A recent QSAR study of tetraoxane derivatives based on GRID molecular interaction fields has been reported to evaluate the structure and the antiproliferative activity.
10 However, to the best of our knowledge, there has not yet been any research on 3D-QSAR analysis of tetraoxane compounds as antimalarial agents. In the present study, a series of 39 tetraoxane derivatives were performed by both CoMFA and CoMSIA methods to develop 3D-QSAR. These 3D-QSAR models can be used to identify the structural features essential for enhancing their activities and subsequently can enable the design the new more potent antimalarial compounds.
Experimental
Dataset. For the current 3D-QSAR studies, a reported dataset of 39 tetraoxanes derivatives were considered to derive 3D-QSAR models. 8 The antimalarial activities were expressed in IC 50 values and converted into pIC 50 values using the formula pIC 50 = -logIC 50 . The pIC 50 values employed in this study span approximately 3 orders of magnitude. The structures of the compounds and their biological data were given in Table 1 . The dataset of 39 molecules was grouped randomly into training set and test set containing 31 and 8 molecules, respectively. Molecular Alignment. Molecular alignment of compounds, which align all the compounds of training set together by common scaffold, is a key step in the process of establishing 3D-QSAR models. In the alignment, a molecule with relatively high biological activity and fairly fixed conformation is usually adopted as template. In this work, the most active compound 11 was used as template molecule. Figure 1 describes the common substructure for the alignment which is marked in bold red. Based on an atom-by-atom superimposition principle, the ligand-based alignment of the molecules was carried out by using substructure-alignment function available in SYBYL-X2.0 version. Partial atomic charges were calculated by the Gasteiger-Hückel method and energy minimizations were performed using the Tripos force field with a distance-dependent dielectric constant and Powell conjugate gradient method with a convergence criterion of 0.01 kcal/mol.
CoMFA and CoMSIA Studies. The aligned molecules were placed in a 3D cubic lattice with a grid spacing of 2 Å, which was generated automatically by the program. For the CoMFA analysis, steric and electrostatic field energies were calculated using a sp 3 carbon with a van der Waals' radius of 1.52 Å as the steric probe and a single positive charge (+1) as the electrostatic probe at each grid point. The energy cutoff was 30 kcal/mol.
The alignment and lattice box used for the CoMFA calculation were also used to calculate similarity index fields for the CoMSIA analysis. Steric, electrostatic, hydrophobic, hydrogen bond donor, and hydrogen bond acceptor descriptors were generated using the sp 3 atom with charge +1 and radius of 1 Å. Similarity indices (A F.k ) for the molecule j and the atom i at grid point q were calculated according to equation:
Where ω i,k is the actual value of the physicochemical propriety k of atom i; ω probe,k indicates the probe atom with charge +1, radius 1 Å, hydrophobicity +1, hydrogen bond donor and acceptor property +1; a is the attenuation factor; r iq is the mutual distance between the probe atom at grid point q and atom i of the test molecule. In this paper, steric indices are related to the third power of the atomic radii, electrostatic descriptors are derived from partial atomic charges, hydrophobic descriptors are derived from atombased parameters, and H-bond donor and acceptor indices are obtained by a rule-based method based on experimental results. The default value of 0.3 was used as the attenuation factor (a) for the Gaussian-type distance r iq .
Partial Least Square (PLS) Analysis. Partial least-squares (PLS) method approach, an extension of the multiple regression analysis, was used to derive the 3D-QSAR models in which the CoMFA and CoMSIA descriptors were used as independent variables and pIC 50 values were used as dependent variables. To check statistical significance of the models, cross-validations analysis performed by the leave-one-out (LOO) procedure were done to choose optimum number of components (N), subsequently used to generate the final QSAR models. All cross-validated PLS analyses were performed with a column filter value of 2.0 to accelerate the regression analysis and reduce the noise. The optimal numbers of components were selected on the basis of the highest cross-validated correlation coefficient (q 2 ), which is defined as follows: Where Y pred , Y exp and Y mean are the values (pIC 50 ) for the predicted activity, experimental activity and mean activity, respectively.
The predictive power of the resulting 3D-QSAR models was assessed on the holdout test set using the predictive r 2 value (r 2 pred ), which is defined as:
Where SD is the sum of squared deviations between the biological activity of the test set and the mean activity of training set molecules, and PRESS is the sum of squared deviations between the actual and the predicted activities of the test set molecules.
To qualitatively visualize the contribution from these interaction fields to the PLS model, contour maps were generated as scalar products of coefficients and the standard deviations (std * coeff) associated with CoMFA or CoMSIA values at each lattice point.
Results and Discussion
CoMFA and CoMSIA Statistical Results. During 3D-QSAR analyses, 31 compounds were selected as the training set for model construction and 8 compounds were used as the testing set for model validation. The PLS analysis results for CoMFA and CoMSIA are given in Table 2 . The alignment of 31 compounds of training set was shown in Figure 2 .
The optimal CoMFA model employing both the steric and electrostatic field descriptors obtains a LOO cross-validated q 2 of 0.719, a r 2 value of 0.855, a SEE value of 0.335 and an F value of 52.899 using 3 components, which indicates a good internal predictivity of the model. The steric field descriptor explained 92.0% of the variance while the proportion of electrostatic descriptor accounted for 8.0%. Therefore, that steric field had greater influence than the electrostatic field.
For the CoMSIA studies, similar PLS results (q 2 = 0.739, r 2 = 0.847, SEE = 0.344, F = 49.777, N = 3) were obtained. These data also indicated that a reliable CoMSIA model was successfully constructed. Although the steric, electrostatic, hydrophobic, hydrogen bond donor and acceptor fields were initially used, only former three fields were found to have contributed to the results. The hydrogen bond donor and acceptor fields were ignored for all the compounds in the training set which did not have any hydrogen bond donor. The steric field descriptor explained 38.5% of the variance and the electrostatic descriptor only contributed 5.7%, while the proportion of hydrophobic descriptor accounted for 55.8%. Therefore, the hydrophobic and steric fields exhibited greater effectiveness than the electrostatic field. Validation of 3D-QSAR Models. The independent test set was applied to further validate power of the CoMFA and CoMSIA models. The r 2 pred values for CoMFA and CoMSIA were 0.842 and 0.837, respectively, which proved these two 3D-QSAR models have high external predictive ability. Figure 3 shows the plots of actual versus predicted activities for both training set and test set. The observed activities, the predicted activities using the CoMFA and CoMSIA models, and the residual values for the training set and the test set are listed in Table 3 . In the two 3D-QSAR models, the predicted values fell close to the observed values, deviating by not more than 0.7 logarithmic units. These results suggested that the constructed 3D-QSAR models are reliable and can be used to relate the structures of compounds to their antimalarial properties.
CoMFA Contour Maps. CoMFA and CoMSIA contour maps which could visualize the content of the derived 3D-QSAR model were generated to rationalize the 3D spatial regions around the molecules.
In this study, CoMFA model results in 92.0% contribution for steric field, while the electrostatic field contribution only accounts for 8.0% of variance (Table 2) , which suggested that the electrostatic interactions were not crucial in explaining the variations in antimalarial potency of these molecules, while the generated CoMFA models explained well the variations between molecules having differences in steric interactions. Figure 4(a) shows the steric contour map for the CoMFA model with the most active compound 11 as a reference. The green contours indicate areas where sterically bulky substituents increase antimalarial potency, whereas the yellow contours indicate areas where sterically bulky groups are detrimental to the activity. Sterically favored green polyhedrons were found on the 2-, 3-, 4-, 11-, 12-and 13-position of compound 11 which suggested that bulk groups are favorable at these points. It can explain well that the compound 10, 11, 12 (pIC 50 values are 7.721, 8.000 and 7.824, respectively) containing four methyl substituents at these positions have better activity than compound 1 and 6 (pIC 50 values are 7.495 and 7.678, respectively) which have only two methyl substituents. Similarly, this situation is the same for compound 2 (pIC 50 , 7.721) which bears two ethyl groups at two cyclohexanes demonstrated more potent antimalarial activity than compounds 1, 5 and 6 (pIC 50 values are 7.495, 7.292, and 7.678, respectively) that contain two methyl groups at these positions. On the other hand, there were four big sterically disfavored yellow contours surrounding the outer sphere of the two cyclohexanes, which means that larger substituents on two rings are disfavorable for high antimalarial activity. For example, compound 3, 4, 7, 13 and 14 (pIC 50 values are 7.409, 6.796, 7.000, 7.432 and 7.678, respectively) with larger t-butyl or i-propyl substituent at two cyclohexane rings decreased the activity compared with compound 2. This suggested that ethyl group is optimal sub- Figure 4 (b) with compound 11 as a reference. The blue contours indicate regions where electropositive groups enhance the biological activity, while the red contours represent areas where electronegative moieties are favorable for the activity. As shown in Figure  4 (b), the broad and continuous blue region indicated that more positively charged group situated in the molecule will enhance the biological activity. It can explain the finding that CoMSIA stdev*coeff contour plots for steric (a), electrostatic (b) and hydrophobic fields (c). Compound 11 was embedded into the contour maps as reference. Sterically favored/ disfavored areas are shown in green/yellow, while the blue/red polyhedra depict favorable sites for positively/negatively charged groups. Cyan/purple contours indicate the regions where hydrophobic/hydrophilic groups would enhance the activity. Favored and disfavored levels of these displayed interaction fields were fixed at 80 and 20%, respectively. the π-electron cloud above and below the plane of the phenyl ring where higher electron density is correlated with less activity.
CoMSIA Contour Maps. The three contributors, namely steric, electrostatic and hydrophobic fields, to the CoMSIA field based on the PLS analyses are presented as 3D contour plots in Figure 5 , and the hydrophobic interactions took the most important role in describing the field properties (Table  2 ). Figure 5 (a) and (b) illustrated the CoMSIA contour maps of steric and electrostatic fields, which give the similar conclusions as the field distribution of the CoMFA model (Figure 4) .
In CoMSIA hydrophobic contour map, the cyan coloured contours represent regions where an increase in hydrophobicity increases activity, whereas the purple coloured regions represent areas where increase in hydrophobicity decreases the biological activity ( Figure 5(c) ). Hence, the observed cyan contours around the two cyclohexane rings indicate that the substitutions in these regions by hydrophobic groups may lead to increased antimalarial activity. This is consistent with the observation that most of the compounds with alkyl substituents in this region display potent activity. On the contrary, there yet exists small hydrophobic unfavored region on the two cyclohexane rings, and these purple areas indicate that the groups in that area should be hydrophilic which means too large alkyl substituents on two rings can decrease the antimalarial activity.
Conclusion
In this study, CoMFA and CoMSIA 3D-QSAR models were developed for 39 tetraoxanes derivatives as antimalarial agents. Both models had good statistical results in terms of q 2 and r 2 values, and showed high external predictive ability.
These 3D-QSAR models for tetraoxanes derivatives gave insight into the influence of various structural attributes for the biological activity and may be considered as a powerful tool in designing and forecasting more efficacious analogues.
